The transnational area of Changbai Mountain (TACM) is crucial to sustainable development in Northeast Asia owing to its abundant forest, which helps in maintaining biodiversity and multiple ecosystem services. However, the spatiotemporal patterns of forest in the TACM have been poorly understood across the whole region. The objectives of this study were to quantify the spatiotemporal patterns of forest in the TACM from 1977 to 2015, investigate the causes of forest dynamics, and assess the impacts of forest dynamics on habitat quality. To do this, we first extracted the forest in the TACM from Landsat images acquired in 1977, 1988, 1999, 2007, and 2015 using visual interpretation. Then, we analyzed the spatiotemporal patterns of forest in the TACM from 1977 to 2015 using landscape metrics and compared the dynamics of forest between the area in China and the area in the Democratic People's Republic of Korea (DPRK). After that, we investigated the driving forces of forest dynamics and the impacts of forest dynamics on habitat quality. We found that the TACM experienced a noticeable forest decrease-from 1.57 million ha in 1977 to 1.48 million ha in 2015, a decline of 5.78%-and underwent a forest fragmentation process. In particular, the sub-region in the DPRK had a much larger decrease (17.75%) than the sub-region in China (2.86%). We found that timber harvesting, urban expansion, agricultural reclamation, and typhoon disasters were the main driving forces behind forest decreases in the TACM. Specifically, agricultural reclamation was the most important factor in the DPRK sub-region, while urban expansion was the dominant factor in the Chinese sub-region. Furthermore, such forest loss and fragmentation has resulted in declines in habitat quality across both sides of the TACM. Thus, we suggest that more effective forest management with cooperation between China and DPRK is needed to maintain and improve forest coverage in the TACM.
Introduction
The transnational area of Changbai Mountain (TACM) mainly refers to the mountainous area that runs across southeastern Jilin province in China and the northern parts of Democratic People's Republic of Korea (DPRK) [1] . Approximately 80% of the TACM is covered by forest; it constitutes one of the largest protected temperate forests in the world and serves as home to the last stands of virgin Korean Landsat data were obtained from the Geospatial Data Cloud of the Computer Network Information Center of Chinese Academy of Sciences (http://www.gscloud.cn) and included 10 cloudfree images covering the entire TACM from circa 1977, circa 1988, 1999, 2007 and 2015 (Table 1) . After obtaining these images, we mosaicked the two images in one year and resampled the resolution of Landsat MSS images to 30 m.
The administrative boundaries were obtained from the Chinese National Geographic Information Center (http://ngcc.sbsm.gov.cn) and the Global Administrative Boundaries Dataset (http://www.gadm.org/). The other data used include the 510 sampling points with the information on location and land use/cover type obtained from field survey across the TACM from 2007 to 2010 (Appendix A) and a regional forest resource map from the Changbai Mountain Management Committee. 
Methods

Quantifying the Spatial Patterns of Forest
Presently, three main types of method are used to extract forest from remote sensing images, including unsupervised classification, supervised classification, and visual interpretation. Although 
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Quantifying the Spatial Patterns of Forest
Presently, three main types of method are used to extract forest from remote sensing images, including unsupervised classification, supervised classification, and visual interpretation. Although Sustainability 2017, 9, 1054 4 of 23 the visual interpretation requires a large amount of human resources, it shows high accuracy and reliability [29] . Thus, we extracted forest from the Landsat data spanning 1977 to 2015 through visual interpretation. First, we developed interpretation criteria for each land use/cover type based on combination of Landsat bands, the sampling points from field survey data, and the regional forest resource map (Appendix A). These land use/cover types included coniferous forest, broadleaf forest, mixed forest, alpine birch forest, grassland, paddy field, dry farmland, water, marshland, bare land, built-up area, and alpine tundra. The interpretation criteria included the features on spectrum, shape, and texture as well as the mainly distributed area (Appendix A), and were developed by identifying such features of sampling points from field survey in terms of different land use/cover types. Second, we performed a visual-interpretation-based land use/cover classification of Landsat data using the interpretation criteria to obtain the spatial patterns of each land use/cover type in 1977, 1988, 1999, 2007, and 2015 (Figure 2 ). During the visual interpretation, the standard false color composite images based on green, red, and near-infrared bands were primarily used as references, while the information on short wave infrared band were used as supplement. In each year, we identified the land use/cover type pixel by pixel according to the differences on spectral characteristics and the shape and texture features among various land use/cover types (Appendix A). Finally, we assessed the overall forest distribution by integrating coniferous forest, broadleaf forest, mixed forest, and alpine birch forest from the obtained land use/cover data.
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Analyzing the Dynamics of Forest
There were three steps for analyzing the dynamics of forest in the TACM from 1977 to 2015. First, we selected six landscape metrics for measuring composition and configuration of forest according to Wu et al. [22] and Liu et al. [30] (Table 2) . Specifically, the six landscape metrics could be classified into four groups: (1) area metrics including mean patch size (MPS) and total core area (TCA); (2) density metrics including patch density (PD) and edge density (ED); (3) shape metrics, i.e., the landscape shape index (LSI); and (4) connectivity metrics, i.e., mean Euclidean nearest neighbor distance (NND) ( Table 2 ) (Appendix D). Second, we calculated these landscape metrics for the forest in 1977, 1988, 1999, 2007 , and 2015 at two scales: the entire TACM and the sub-regions separated by national boundaries, by using Fragstats 4.2 software [23] . Finally, we analyzed the spatiotemporal patterns of forest in the TACM from 1977 to 2015 by quantifying the changes of landscape metrics at two scales. Mean patch size MPS The average area of all forest patches in the landscape (unit: ha).
Total core area TCA
The sum of the core areas of each forest patch (unit: million ha). The core area equals the area within the patch that is further than the specified depth-of-edge distance from the patch perimeter.
Patch density PD The number of forest patches per square kilometer.
Edge density ED The total length of all edge segments per hectare (unit: m/ha).
Landscape shape index LSI A modified perimeter-area ratio that measures the shape complexity of the forest patch.
Mean Euclidean nearest neighbor distance NND The distance to the nearest neighboring forest patch, based on shortest edge-to-edge distance (unit: m).
Calculating the Habitat Quality
Following Hall et al. [32] , the habitat quality refers to the ability of the ecosystem to provide conditions appropriate for individual and population persistence, and is considered a continuous variable in the model, ranging from low to medium to high, based on resources available for survival, reproduction, and population persistence, respectively. In this study, we used the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model to estimate habitat quality in the TACM [33] . The details can be found in Appendix E. The estimated habitat quality ranged from 0 to 1, representing lowest quality to highest quality [33] .
Results
The Spatial Patterns of Forest in the TACM in 2015
The forest covered 1.48 million ha, approximately 80.65% of the total area of the TACM in 2015 and was dominated by mixed forest and broadleaf forest (Figure 3a , Table 3 ). Specifically, among the four types of forest, mixed forest had the largest area, 0.74 million ha, or 40.28% of the entire region, while broadleaf forest and coniferous forest occupied 0.55 million ha and 0.19 million ha, or 30.02% and 10.08% of the entire TACM area, respectively. Alpine birch forest occupied the smallest area, only 0.005 million ha or 0.27% of the entire TACM. In 2015, the MPS and the TCA for forest in the TACM were 83.00 ha and 1.11 million ha, respectively, and the PD and ED were 0.97 and 29.85 m/ha, respectively. In addition, the LSI was 114.12 and the NND was 97.78 m ( proportions of mixed forest and broadleaf forest on the Chinese side were higher than that on the DPRK's side. The total areas of mixed forest and broadleaf forest on the Chinese side were 0.62 million ha and 0.48 million ha or 43.60% and 33.80% of the regional area, respectively, while on the DPRK's side, these two forest types covered 0.12 million ha and 0.07 million ha or 28.86% and 17.74% of the regional area, respectively ( Table 3 ). The proportions of mixed and broadleaf forest on the Chinese side were 1.51 and 1.27 times those on the DPRK's side, respectively. The forest coverage on the Chinese side of the TACM was much higher than that on the DPRK's side ( Figure 3b , Table 3 ). On the Chinese side, the forested area occupied 1.23 million ha (Table 3) , approximately 86.42% of the regional area, whereas the forested area and proportion on the DPRK's side were 0.25 million ha and 60.84%, respectively. The forest coverage percentage on the Chinese side was 1.42 times greater than that on the DPRK's side. Among the four types of forest, the proportions of mixed forest and broadleaf forest on the Chinese side were higher than that on the DPRK's side. The total areas of mixed forest and broadleaf forest on the Chinese side were 0.62 million ha and 0.48 million ha or 43.60% and 33.80% of the regional area, respectively, while on the DPRK's side, these two forest types covered 0.12 million ha and 0.07 million ha or 28.86% and 17.74% of the regional area, respectively ( Table 3 ). The proportions of mixed and broadleaf forest on the Chinese side were 1.51 and 1.27 times those on the DPRK's side, respectively.
The forest was more fragmented on the DPRK's side than on the Chinese side ( Figure 4 , Table 4 The forest was more fragmented on the DPRK's side than on the Chinese side ( Figure 4 , Table  4 
The Dynamics of Forest in the TACM from 1977 to 2015
Between 1977 and 2015, the forest in the TACM showed an obvious decline-falling from 1.57 million ha to 1.48 million ha-a loss of 5.76% (Figures 5a and 6a, Table 3 ). Moreover, the fastest rate of forest decline in the TACM occurred between 1977 and 1988, with a decrease from 1.57 million ha to 1.44 million ha, a loss of 8.47% (Figures 5b and 6a ). Among the four types of forest, mixed forest showed the fastest decline (from 1.00 million ha to 0.74 million ha-a loss of 26.14%) and was followed by coniferous forest (from 0. 
Between 1977 and 2015, the forest in the TACM showed an obvious decline-falling from 1.57 million ha to 1.48 million ha-a loss of 5.76% (Figures 5a and 6a, Table 3 ). Moreover, the fastest rate of forest decline in the TACM occurred between 1977 and 1988, with a decrease from 1.57 million ha to 1.44 million ha, a loss of 8.47% (Figures 5a and 6a) . Among the four types of forest, mixed forest showed the fastest decline (from 1.00 million ha to 0.74 million ha-a loss of 26.14%) and was followed by coniferous forest (from 0.24 million ha to 0.19 million ha-a loss of 24.19%) (Figure 6b,c) . In addition, the forest in the TACM experienced a fragmentation process in which PD, ED, LSI, and NND increased and MPS and TCA decreased from 1977 to 2015 ( Figure 7 , Table 4 While both sub-regions experienced forest decreases, the DPRK side had a higher rate of forest loss from 1977 to 2015 (Figure 6a ). The forest on the DPRK's side decreased from 0.31 million ha to 0.25 million ha (a decline of 17.75%), whereas the forest on the Chinese side decreased from 1.27 million ha to 1.23 million ha (a decline of 2.86%) ( Table 3 ). The rate of decline of the forest on the DPRK's side was 6.21 times greater than that on the Chinese side. Across the four periods, both sides experienced the fastest rate of forest decrease between 1977 and 1988 (Figure 6a ). Among the four types of forest, mixed forest underwent the most obvious decrease on both sides, followed by coniferous forest (Figure 6b,c) . While both sub-regions experienced forest decreases, the DPRK side had a higher rate of forest loss from 1977 to 2015 (Figure 6a ). The forest on the DPRK's side decreased from 0.31 million ha to Sustainability 2017, 9, 1054 9 of 23 0.25 million ha (a decline of 17.75%), whereas the forest on the Chinese side decreased from 1.27 million ha to 1.23 million ha (a decline of 2.86%) ( Table 3 ). The rate of decline of the forest on the DPRK's side was 6.21 times greater than that on the Chinese side. Across the four periods, both sides experienced the fastest rate of forest decrease between 1977 and 1988 (Figure 6a ). Among the four types of forest, mixed forest underwent the most obvious decrease on both sides, followed by coniferous forest (Figure 6b,c) . The DPRK's side experienced faster declines of MPS and TCA as well as more rapid growth of NND than did the Chinese side ( Figure 7) . Specifically, the MPS and TCA on the DPRK's side decreased by 24.68% (from 42.42 ha to 31.95 ha) and 12.86% (from 0.19 million ha to 0.17 million ha), respectively. On the Chinese side, MPS and TCA decreased by 16.91% (from 150.30 ha to 124.88 ha) and 8.22% (from 1.02 million ha to 0.94 million ha), respectively ( Table 4 ). The decrease rates of MPS and TCA on the DPRK's side were 1.46 and 1.56 times greater than those on the Chinese side, respectively. In addition, the growth of NND (21.67%, from 88.51 m to 107.69 m) on the DPRK's side was 9.22 times that (2.35%, from 87.36 m to 89.41 m) on the Chinese side (Table 4 ). The DPRK's side experienced faster declines of MPS and TCA as well as more rapid growth of NND than did the Chinese side ( Figure 7) . Specifically, the MPS and TCA on the DPRK's side decreased by 24.68% (from 42.42 ha to 31.95 ha) and 12.86% (from 0.19 million ha to 0.17 million ha), respectively. On the Chinese side, MPS and TCA decreased by 16.91% (from 150.30 ha to 124.88 ha) and 8.22% (from 1.02 million ha to 0.94 million ha), respectively ( Table 4 ). The decrease rates of MPS and TCA on the DPRK's side were 1.46 and 1.56 times greater than those on the Chinese side, respectively.
In addition, the growth of NND (21.67%, from 88.51 m to 107.69 m) on the DPRK's side was 9.22 times that (2.35%, from 87.36 m to 89.41 m) on the Chinese side (Table 4) . 
The Main Causes of Forest Loss and Fragmentation
Forest loss and fragmentation in the TACM were mainly caused by timber harvesting, urban expansion, agricultural reclamation, and typhoon disasters. Specifically, the conversion from forest to grassland that occurred because of timber harvesting and typhoon disasters accounted for 0.08 million ha or 47.3% of the total forest loss in the TACM from 1977 to 2015 (Table 5 , Figures 8 and 9) . Notably, the No. 15 typhoon "Vera" destroyed approximately 0.01 million ha of forest in 1986 [13] (Figure 9e ). In addition, conversions from forest to built-up areas accounted for 0.04 million ha or 25.26% of the total forest loss and was followed by the conversion from forest to cropland (0.04 million ha or 23.10%) ( Table 5 , Figures 8 and 9 ).
In addition to conversions from forest to grassland, the DPRK's side experienced large-scale conversion of forest to cropland while the Chinese side showed a wide range of forest converted to built-up areas (Table 5 , Figures 8 and 9 ). The DPRK's side was dominated by the conversion of forest to croplands and grasslands; together, these accounted for 0.03 million ha (nearly half) of the total forest loss (Figure 8c , Table 5 ). The Chinese side was dominated by the conversion of forest to grasslands and built-up areas; together, these accounted for 0.04 million ha (again, nearly 50%) of the total forest loss (Figure 8b , Table 5 ). 
In addition to conversions from forest to grassland, the DPRK's side experienced large-scale conversion of forest to cropland while the Chinese side showed a wide range of forest converted to built-up areas (Table 5 , Figures 8 and 9 ). The DPRK's side was dominated by the conversion of forest to croplands and grasslands; together, these accounted for 0.03 million ha (nearly half) of the total forest loss (Figure 8c , Table 5 ). The Chinese side was dominated by the conversion of forest to grasslands and built-up areas; together, these accounted for 0.04 million ha (again, nearly 50%) of the total forest loss (Figure 8b , Table 5 ). * Proportion refers to the ratio to the total loss of forest.
The Impacts of Forest Loss and Fragmentation on Habitat Quality
Habitat quality showed a decreasing trend, from 0.76 in 1977 to 0.71 in 2015, a decrease of 7.10%, owing to the forest loss and fragmentation in the TACM (Figure 10 , Table 6 ). The decrease in habitat quality was much higher on the DPRK's side (9.44%, from 0.75 to 0.68) than on the Chinese side (6.44%, from 0.77 to 0.72) (Figure 10 ). In addition, the period from 1977 to 1988 showed the fastest decrease of habitat quality in the entire region and on both sides ( Figure 10 , Table 6 ). 
Discussion
The Implications for Biodiversity Conservation
The habitat quality decline caused by forest loss and fragmentation poses an obvious threat to regional biodiversity. According to the Red List of Threatened Species published by the International Union for Conservation of Nature (IUCN), among the over 500 species surveyed in the TACM, 11 species (e.g., Mergus squamatus, Grus japonensis, and Bubo blakistoni) are endangered (EN), Tadorna cristata is critically endangered (CR), and Chaunoproctus ferreorostris has become extinct (EX) [34, 35] . Declining habitat quality is the primary threat to these species [36] . In addition, Piao [17] found that the Siberian tiger went extinct in the TACM in the 1980s, the period during which the habitat quality experienced the fastest decline. Wang et al. [37] found that road construction in the TACM between 2007 and 2014 led to 7910 amphibian deaths, most of which involved Rana chensinensis, Bombina orientalis, and Bufo gargarizans. Wang et al. [38] showed that there was a considerable decrease in the biodiversity of soil nematodes because of cropland reclamation, which caused habitat destruction in the Jinchuan Wetland in the TACM.
At present, both China and the DPRK have developed a series of policies and regulations to protect the forest and habitat quality in the TACM (Figure 11 ). For example, China issued the "Changbai Mountain National Nature Reserve Management Regulations in Jilin Province" directive in 1988, the amended "Land Management Law of the People's Republic of China" in 1998, the "Implementation program for the Northeast, Inner Mongolia and other key state-owned forest natural resources protection project" in 2000, "a number of opinions on further improving the policy 
Discussion
The Implications for Biodiversity Conservation
At present, both China and the DPRK have developed a series of policies and regulations to protect the forest and habitat quality in the TACM (Figure 11 ). For example, China issued the "Changbai Mountain National Nature Reserve Management Regulations in Jilin Province" directive in 1988, the amended "Land Management Law of the People's Republic of China" in 1998, the "Implementation program for the Northeast, Inner Mongolia and other key state-owned forest natural resources protection project" in 2000, "a number of opinions on further improving the policy of Grain for Green" in 2002, and "a new round for the overall program of Grain for Green" in 2014 [21, 39] . Simultaneously, the DPRK developed the "Land and Environmental Conservation Management Law" in 1998 and amended its "Forest Law" and "Environmental Protection Law" in 1999. As a result of the implementation of these policies and regulations, the decline rate of habitat quality obviously slowed after 1988 in the Chinese side and 1999 in the DPRK's side, respectively (Figure 11) .
However, the large-scale development of tourism facilities and increasing urbanization on the Chinese side and the continuous cropland reclamation in response to food shortages on the DPRK's side have led to continuous forest losses and increased fragmentation in the TACM [40] . Moreover, the cooperation between China and the DPRK is insufficient in terms of the time period and spatial extent on the implementation of these policies and regulations, leading to low efficiency and conflicts on forest conservation [2] . For example, the "new round for the overall program of Grain for Green" was implemented in China after 2014, with the target to further improve habitat quality. However, the benefits from such program on biodiversity conservation in the entire TACM are constrained since the corresponding policy was not developed in the DPRK.
Therefore, we suggest that China and the DPRK should strengthen their cooperation [2, 41, 42] and conduct rational and effective measures to alleviate the conflicts between socio-economic development and environmental protection [9, 43] with the goal of improving regional forest coverage to maintain and promote sustainability in the TACM. of Grain for Green" in 2002, and "a new round for the overall program of Grain for Green" in 2014 [21, 39] . Simultaneously, the DPRK developed the "Land and Environmental Conservation Management Law" in 1998 and amended its "Forest Law" and "Environmental Protection Law" in 1999. As a result of the implementation of these policies and regulations, the decline rate of habitat quality obviously slowed after 1988 in the Chinese side and 1999 in the DPRK's side, respectively ( Figure 11) . However, the large-scale development of tourism facilities and increasing urbanization on the Chinese side and the continuous cropland reclamation in response to food shortages on the DPRK's side have led to continuous forest losses and increased fragmentation in the TACM [40] . Moreover, the cooperation between China and the DPRK is insufficient in terms of the time period and spatial extent on the implementation of these policies and regulations, leading to low efficiency and conflicts on forest conservation [2] . For example, the "new round for the overall program of Grain for Green" was implemented in China after 2014, with the target to further improve habitat quality. However, the benefits from such program on biodiversity conservation in the entire TACM are constrained since the corresponding policy was not developed in the DPRK.
Therefore, we suggest that China and the DPRK should strengthen their cooperation [2, 41, 42] and conduct rational and effective measures to alleviate the conflicts between socio-economic development and environmental protection [9, 43] with the goal of improving regional forest coverage to maintain and promote sustainability in the TACM. 
Limitations and Future Perspectives
There are some limitations to our research. For example, we only analyzed the dynamics of forest changes in the TACM and did not consider the changes in their ecosystem functions and services. Limited by the data availability, we only assessed the accuracy of land use/cover map in 2015. However, we found that our results were consistent with relevant research. According to Zheng et al. [18] and Ma et al. [21] , the proportion of forest decreased from 84.40% to 71.05% in the Changbai Mountain region, showing a consistent trend with our results. Such consistency evidenced that our measurement of forest dynamics was reliable.
In future studies, we plan to measure the forest ecosystem functions and services in the TACM to further reveal the relationships between forest ecosystem services and regional human well-being 
In future studies, we plan to measure the forest ecosystem functions and services in the TACM to further reveal the relationships between forest ecosystem services and regional human well-being [44, 45] .
In addition, the combination of Landsat time-series data and LiDAR data can help us to understand the dynamics of forest ecosystem functions and services more frequently and accurately [46] .
Conclusions
The TACM underwent forest loss and fragmentation from 1977 to 2015 but at much higher levels on the DPRK side than on the Chinese side. Forest losses and fragmentation were caused mainly by timber harvesting, urban expansion, agricultural reclamation, and typhoon disasters. Timber harvesting and agricultural reclamation constituted the main reasons on the DPRK's side, while urban expansion, typhoon disasters, and timber harvesting were the dominant factors on the Chinese side. In addition, forest shrinkage and fragmentation in the TACM have led to an obvious decline in habitat quality, resulting in regional extinction of several species (e.g., Siberian tiger) and threatening biodiversity over large extents. To protect biodiversity and promote sustainable development, we suggest that China and the DPRK should collaborate to implement rational and efficient strategies to relieve the conflict between socio-economic development and environmental protection and improve regional forest coverage in the TACM.
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Landscape Metric Calculation Formula Description
Mean patch size (MPS) MPS = is the distance from forest patch j to the nearest neighboring patch of forest, based on shortest edge-to-edge distance; N is the amount of forest patches.
Appendix E. The Process of Calculating Habitat Quality
The Methods of Calculating Habitat Quality
The habitat quality on pixel x in land use/cover j type can be expressed as follows:
where Q xj and H j are the habitat quality on pixel x and habitat suitability in j type of land use/cover, respectively; D xj is the pixel x in the j type of land use/cover suffering from a threat level; k is a half-saturation constant, whose value is usually half the maximum value of D xj ; and z is a normalized constant, which generally takes the value of 2.5. The D xj is calculated using the following formula: 
where R and y are the number of stress factors and the number of pixels in threat layer r , respectively; Y y is the quantity of pixels occupied by the threat factor; W r is the weight of the threat factor (ranging from 0 to 1); r y is the value of the threat factor in pixel y; i rxy is the threat level of pixel x in the land use/cover type suffering from pixel y in the threat factor layer; β x is the accessibility of pixel x; and S jr is the sensitivity of the j type of land use/cover to threat factor r, the value of which is between 0 and 1. The closer S jr is to 1, the more sensitive it is. Among these, i rxy is calculated by the following formula: where d xy is the linear distance between pixel x in the land use/cover layer and pixel y in the threat factor layer, and d r max is the maximum influence distance of the threat factor r. When there is a linear relationship between pixel y in the threat factor layer and pixel x in the land use/cover layer, Equation (A3) is used to calculate the threat level. By contrast, when pixel y in the threat factor layer is exponential to pixel x in the land use/cover layer, Equation (A4) is used to calculate the threat level. 
